In this paper, a novel model driven segmentation approach for thoracic MR-images is presented. The goal of this work is to coarsely, but fully automatically localize the boundary surfaces of the heart and lungs in thoracic MR sets. The major organs in the thorax are described in a three-dimensional analytical model template by combining a set of fuzzy implicit surfaces by means of Constructive Solid Geometry, and formulating model registration as an energy minimization. The method has been validated on 20 thoracic MR volumes from two centers (patients and normal subjects). On average 90% of the contour length of the heart and lung contours was localized with sufficient accuracy (average 6 mm positional error) to automatically provide the initial conditions for a subsequently applied locally accurate segmentation method.
Introduction
Though many automated segmentation methods for cardiovascular Magnetic Resonance Image (MRI) data have been described, many of these methods require at some point user interaction in the form of a seed point, volume of interest or initial surface or boundary model. In these cases, a human observer performs the complex task of initial image interpretation. To further automate this initial image interpretation step, integration of prior anatomical knowledge about thoracic anatomy in the form of an anatomical model is essential.
The goal of this work is to develop an anatomical knowledge representation suitable to coarsely, but fully automatically localize the boundary surfaces of the heart and lungs in thoracic MR images. To achieve such behavior, a representation for anatomical shape knowledge should fulfill a number of requirements. First, due to the three-dimensional nature of volume data, an intrinsically three-dimensional representation is required. Second, since thoracic MR images include multiple organs, a model should encompass shape knowledge about the three-dimensional shape of multiple organs and their threedimensional spatial context. Third, a model representation should cover a number of commonly occurring anatomical degrees of freedom and finally, a fast and robust matching mechanism is required to automatically register the model to a clinical image set.
Many current three-dimensional anatomical modeling methods merely satisfy two or three of these four requirements. For instance, many volume-based representations describe the shape and spatial context of multiple organs by means of a set of labeled voxel volumes or a probability density function. However, for volumetric models the registration step is often computationally too expensive for routine clinical use due to the locally distributed nature of the anatomical knowledge. On the contrary, surface-based representations model the characteristic shape of an object with a parametric or statistical boundary shape descriptor. The compact nature of surface-based models allows fast and accurate matching of the model to a characteristic feature pattern in the image data, but the descriptive power of surface-based models is often restricted to single organs, as opposed to a complete scene.
The modeling method proposed in this paper has been designed to combine the context preserving properties of volume-based methods with the compactness of surfacebased models by modeling multiple organs in their spatial context as a set of 3D fuzzy implicit surface templates. By joining the single organ models into a scene tree using the Constructive Solid Geometry (CSG) modeling technique [1] , anatomical variations can be expressed in a set of cascaded piecewise affine transformations, which translate, rotate and scale each organ model in the tree with respect to the other organs, while preserving their spatial context. The model is expressed as a boundary potential function, enabling a coupling between high-level organ shape knowledge and low-level feature knowledge about gradient direction and polarity. The hierarchical structure of the model allows a fast and robust model image registration, based on aligning local surface normal orientation to local image gradient direction for a set of robustly detectable characteristic image feature pattern.
The paper is further organized as follows. Section 5.2 discusses different methods to represent population-based anatomical shape knowledge, and places the work described in this paper in perspective. Section 5.3 provides a brief background on the geometric modeling techniques applied in this work and the steps taken to construct a threedimensional shape model of the thoracic cavity. Section 5.4 describes the model-image registration method to match the model to a thoracic MR set. Section 5.5 describes the results of a clinical validation study performed on data from 20 patients suffering from various cardiac pathologies. Section 5.6 discusses the results and section 5.7 summarizes a number of conclusions.
Related work
The need to incorporate prior knowledge into image segmentation methods is nowadays widely recognized. Especially in medical imaging, where many aspects of the imaging conditions are uncontrollable, the incorporation of prior knowledge about the shape, location, appearance and spatial context of an organ is essential. In this section, a brief review of the most significant work in this field is given, with an emphasis on population-based, three-dimensional anatomical shape models.
Volume-based approaches
Volume-based anatomical knowledge representations [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] describe the three-dimensional shape and spatial context of multiple organs by means of a set of labeled voxel volumes or a probability density function. Such models are matched to image data from a different subject by deforming the model on the basis of attraction forces, which are derived from local similarity measures. The dimensionality of the defined transformations determines the matching accuracy that can be achieved with these deformations. Several approaches have been described based on affine [2] , piecewise affine [3] , nonrigid [4] , elastic [5, 6] , thin-plate spline interpolants spanned by landmarks [7] or viscous fluid deformations [8] [9] [10] [11] [12] [13] [14] , where such template models are most commonly applied to segmentation of brain structures. Since volumetric template models are matched as a whole, the topological structure of the image scene is preserved throughout the matching procedure, which makes it suitable to segment multiple objects in a scene simultaneously. However, due to the locally distributed nature of shape knowledge in these models, the model-image matching is computationally infeasible for interactive application in routine clinical practice. Furthermore, volume-based models are less suitable for cardiac applications due to the motion and rapid shape changes of the heart in the cardiac cycle. Therefore, many applications of volumetric template models have been directed to segmentation of relatively stable shapes, such as the brain structures.
Surface-based approaches
Surface-based models describe the characteristic shape and shape variations of an object with a parametric or statistical boundary shape descriptor. These models have been widely applied for segmentation purposes by deforming the shape models to match the shape of spatial feature patterns in the image space, while restricting deformations by introducing shape constraints based on object smoothness or the deformation statistics of a training set of example shapes. An example of a surface based three-dimensional, anatomical model is the probabilistic snake [15] [16] [17] [18] [19] [20] [21] [22] , which is a parametric snake model expressed on an orthonormal basis, as a result of which the shape parameters are physically interpretable. A preferred shape can thus be imposed based on the parameter distributions over a set of training samples, where the snake is allowed to deform following population-based shape deformations. The probabilistic snake is preferentially attracted towards feature patterns in the image data, which are consistent with its trained shape. Applications of probabilistic snakes have been described in Vemuri et al. [15] [16] [17] , who developed a model based on a deformable superquadric in combination with a locally superimposed deformation field expressed on an orthonormal wavelet basis. Staib et al. describe a two-dimensional probabilistic snake [18] and a three-dimensional [19] probabilistic balloon model applicable to deformations of four surface topologies constructed on a Fourier basis, whereas orthonormal Fourier parametrizations have been described in [20] [21] [22] that are applicable to segmentation and recognition problems of free-form closed surfaces.
A second, widely acknowledged surface-based shape model is the Point Distribution Model (PDM) as introduced by Cootes et al. [23] [24] [25] [26] [27] . A Point Distribution Model (PDM) describes the average shape and characteristic shape variations of a set of training samples, which are given in the form of a set of points on the sample boundaries. By applying an affine registration of the shape samples, the most characteristic local shape variations around a shape average can be extracted by means of a principal component analysis on the sample point distributions. The only necessary condition for the calculation of a point distribution model is the definition of a point-correspondence between points in successive training samples, which ensures a compact and specific model. In two dimensions this point correspondence is typically defined in application specific assumptions, which are difficult to generalize in three dimensions. The development of more generic methods to define point correspondence for two [28] [29] [30] and three [31, 32] dimensions is currently an active field of research. However, in three dimensions, this point correspondence definition is far from trivial and remains problematic.
A third class of surface based models are the boundary template models (boundary = 2D contour or 3D surface), which can be seen as preshaped deformable models of an organ boundary which are only allowed to deform within restricted modes of deformation. Generally, boundary templates represent one shape instance of a particular organ or set of organs in the form of one 2D contour [33] [34] [35] [36] [37] [38] [39] , a set of contours forming a 3D surface [40] or a set of coupled analytical primitives, as has been demonstrated in 2D by Yuille [41] , who describes the eye and the mouth as a combination of circles and parabolic arcs. In 3D this analytical approach has been exemplified by Delibasis [42] , who modeled part of the brain stem as a combination of globally deformable superquadrics. The matching of boundary templates is performed by either balancing an internal energy term with an external energy similar to snake-based approaches [33, 40] , using global cost optimization strategies based on dynamic programming [33, [35] [36] [37] [38] [39] , or by optimizing an energy function directly on explicit model parameters, thereby omitting an internal energy function [41, 42] . During the matching, the allowed deformation modes are restricted by prior knowledge, which is not necessarily population-based. Such prior knowledge can be for instance an allowed shape interval on a set of radials along the template boundaries [34] , assumptions about small deformations from the template shape [40] , a restriction of the template deformations along orthogonal curves [33] , or a restriction on the parameter bounds in analytical templates [42] .
Due to their relative rigidity, the boundary templates are applicable to single objects [33, 34] as well as to scenes consisting of multiple objects [40, 41] , where an optimum is sought for the scene model as a whole, while preserving model compactness. In this work, we have therefore approached the problem of scene interpretation using a template-based method. The model described in this paper is best characterized as an exten-sion of Yuille's [41] template-based approach to three dimensions, although the techniques to construct a set of templates and to match the templates to image data substantially differ. The next sections describe two geometric modeling techniques applied in this work to construct an analytical shape template of the thoracic cavity, implicit solid modeling [43, 44] and Constructive Solid Geometry [1] . . Parameter w is a measure of the width of the transition area, where for small w compared to the object size, the transition is approximately linear and its width equals approximately 2w. In Figure 5 .1, an example is given. The direction of the surface normal is implicitly defined in the sign convention in the implicit equation; in this work the direction of the normal vector is defined as pointing outward for an implicit surface f (x,y,z) = c when c > 0.
Implicit solid modeling & anatomical model construction

Implicit solid modeling
Single implicit object models are intrinsically limited in their descriptive shape range. However, by combining two or more implicit surfaces, the descriptive power of single implicit surfaces can easily be extended. Constructive Solid Geometry (CSG) [1] is a solid modeling technique, which allows the description of a three dimensional object
shape by decomposing it into a set of simpler shapes, which are combined by means of Boolean set operators. CSG is usually implemented as a tree structure, in which the leaf nodes contain a mathematical shape description of the elementary shape primitives (commonly an implicit surface). The internal nodes in a CSG-tree implement the Boolean set operators union, intersection and complement. Furthermore, each node in a CSG tree contains a node transformation, which translates, rotates and scales the shape modeled in that particular node with respect to the other objects in the tree, while preserving their spatial context. Since in a CSG tree these transformations are cascaded hierarchically, a change in a transformation in a CSG node is propagated to all its underlying child nodes. Classically, CSG is implemented in the form of a Boolean point classification mechanism, i.e. a function, which classifies a point (x,y,z) to inside or outside of the object. However, by viewing the implicit surfaces as a continuous scalar field and replacing the Boolean set operators by continuous equivalents, CSG can also describe a composite shape as a scalar field. To combine two volume membership functions v 1 (x,y,z) and v 2 (x,y,z) by means of CSG, it is necessary to replace the Boolean set operators in the internal tree nodes by their continuous equivalents. Though a variety of continuous set operators for both fuzzy sets [43, 45] and algebraic distance maps [46] have previously been described, the following set operators introduced by Zadeh [45] to combine two fuzzy membership functions were adopted for the work reported here:
The difference operator, which allows subtraction of one shape from another shape, can be expressed as min (v 1 (x,y,z), ~v 2 (x,y,z)) = min (v 1 (x,y,z), 1-v 2 (x,y,z)). In Figure 5 .2, an example of the application of these set operators to two implicit curves is given. The gradient vector in point (x,y,z) can be evaluated by selecting the gradient vector of the dominant primitive in the evaluation of the fuzzy set operator. It is important to note that for two primitives defined with their normal vectors pointing outwards, the combined shape's normal vector is pointing outward as well.
From v(x,y,z;w), either for a single or a combined shape, a membership functional b(x,y,z;w) can be derived, which is maximal exactly on the boundary surface:
When traversing the object surface along the normal vector, b(x,y,z;w) follows a 'rooftop' profile (see Figure 5. 3) for small w compared to the object size. The functional b(x,y,z;w) increases linearly with the decreasing distance to the surface, with minima of 0 for points further than distance w from the surface, and a maximum 1 exactly on the surface, and thus expressing the 'boundary membership' of a point. The function (1-b(x,y,z;w)) 2 follows a parabolic profile for points closer than distance w to the surface. This can be viewed as a three dimensional 'potential valley', which has global minima of 0 on the surface and gradient equal to 0. With increasing w, the function (1-b(x,y,z;w)) 2 deviates more from a parabolic into a skewed parabolic profile, however still monotonously decreasing with the minima of 0 on the surface. 
Anatomical thorax model construction
By combining the merits of fuzzy implicit surfaces and Constructive Solid Geometry, a coarse, three-dimensional shape description of a moderately complex scene can be constructed in the form of a potential function b(x,y,z;w). In this study, a number of shape templates of the major organs in the thoracic cavity has been constructed in the following steps: 1) Data acquisition. A gated transverse MR image volume of a normal thorax was acquired, with the heart in end-diastole. In this data volume, the contours of the heart, both lungs, the thoracic wall, the liver, the thoracic outer surface, and the spleen and were drawn manually. Contours were subsampled to form a regularly tesselated three-dimensional point mesh. The point grids were manually subdivided into approximately convex surface patches. 2) Implicit surface fitting. The overall shape of these point grids was modeled by fitting an implicit surface to the point data. Though the choice of implicit surface is arbitrary within the applied CSG framework, hyperquadric shape models [47] of six terms were selected. This choice was made mainly because hyperquadrics compactly describe a large range of non-symmetric, though convex shapes. The intrinsic hyperquadric limitation of shape convexity can easily be resolved within the CSG framework, where a concavity in a convex shape can be modeled by subtracting a convex 'concavity model' from a convex shape. A hyperquadric surface was fitted to each of the data point grids following Kumar's [48] approach, which is based on a least squares Euclidean distance minimization. 3) For each organ, the fitted primitives were grouped into small CSG-trees, forming a three-dimensional shape template for each organ. In the top node of each organ CSG-tree, a polarity sign was defined for the direction of the normal vector based on the three-dimensional gray level edge direction of that particular organ in a typical thoracic MR volume. For organs containing air (both lungs), the normal vector polarity was defined as pointing inwards, for all other organ models (heart, liver, spleen, and thoracic outer surface), the normal vector was defined as pointing outwards. This definition of the normal vector polarity is required in the model-image registration step, and will be further explained in the next section. 4) The separate organ templates were grouped hierarchically into two scene trees. The first one was a descriptive tree which described the lungs, heart, cardiac ventricle, liver, spleen, and the thoracic outer surface. The second tree was required to match the model to a thoracic MR set, and merely described the organs containing air in the thoracic cavity. In Figure 5 .4, examples of cross-sectional views through the threedimensional models are given. In total, 11 hyperquadric shape primitives of six terms (330 parameters) were required to model the overall three-dimensional shapes of the major thoracic organs.
Model matching
To automatically match the model to a thoracic MR image volume, an image feature is required that is reliably automatically detectable in the majority of thoracic MR scans. In this work, the model-image registration is based on the transitional boundaries between 
: Example of cross section through the three-dimensional thorax model. a) represents a slice from the original data, whereas (b) is a cross-section through the model at the same slice level. c) is the same model, but now expressed as a boundary membership function, whereas (d) only describes tissue-air surfaces in the model.
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air and other tissues in thoracic volume scans, mainly for two reasons. Firstly, air is predominantly the darkest tissue in a thoracic volume scan and is characterized by a large peak in the lower gray value range in the histogram of a thoracic volume set. Therefore, air is automatically separable from other tissues in a thoracic MR volume and this separation is relatively robust. Secondly, in a thoracic MR (or CT) scan, the image gradient polarity in the three-dimensional boundaries can be defined to point towards the air, i.e. for the lungs as pointing inwards, and for the torso as pointing outwards. Given a set of automatically detected feature points located on the transitions between tissue and air in a thoracic MR-image dataset. For points exactly on the model surfaces, the model evaluation function b tree (x,y,z;w) is maximal (value 1), and for points located further than distance w from a model surface, b tree (x,y,z;w) is minimal (value 0). Furthermore, the surface normal direction in the model has been defined to point in the same direction as the three-dimensional image gradient in these points, for the torso primitive as pointing outwards, and for the lung-composites as pointing inwards. By combining the model-contained directional and distance information with the directional image gradient information, the following energy functional can be formulated: In words, this implies that of all feature points, the function q i (x i ,y i ,z i ) only selects the points in which the angle between the model surface normal and the image gradient is smaller than the angle j (see Figure 5 .5). The locations of optima in the energy function in Equation (5.4) are therefore purely defined by feature points in which:
• the distance to one of the model surfaces is smaller than w and, • the image gradient and the surface normal in these points point in the same direction, within a margin of j. As a result of these two properties, the model potential function from Equation (5.4) has a strong minimum when the tissue-air model is fully registered to a feature pattern which is congruent to the model template shapes. The actual model-image matching is performed in the following steps: 1) Feature point detection. In order to find points on the boundaries between tissue and air, a straightforward adaptive thresholding was implemented, based on a characteristic 'air' peak in the lower gray value range in the histogram of a thoracic MR volume. In order to reduce the number of feature points, the image was subsampled by a factor of four in the in-plane coordinate directions. Furthermore, in each feature point, the x-and y-derivatives of each image were calculated. Both the feature point coordinates and the image gradient vectors were expressed in a standardized three-dimensional scanner coordinate frame. 2) Initial model positioning. To initialize the matching, an initial parameter set is required for the top CSG node position, orientation and scale, which places the model somewhere in the imaged volume. In phantom simulations, omitted here for conciseness, the matching was shown to be robust with respect to initial model positioning. Therefore, for all the matching experiments described in the next section, the same initial parameter set for the top node pose and scale parameters was taken as the starting point for the optimization. This parameter set positioned the model in the middle of the scanner bore and aligned it with the bore's long axis. All affine node transformations in the lower CSG-tree levels were initially set to a unity affine transform. 3) Hierarchical pose and scale estimation. Due to the hierarchical nature of the model, the energy minimization procedure can be viewed as a hierarchical pose and scale estimation problem. First, E(J node ) is minimized for the top node pose and scale parame- ter set, therefore simultaneously translating, rotating and scaling the model as a whole until a minimum has been reached. Subsequently, the top node parameters are frozen, and E(J node ) is further minimized with respect to the pose and scale parameters of one of the subtrees representing a single organ or a combination of organs (for instance the node 'both lungs' in the model). By repeating this procedure throughout a number of tree levels, the match can be further refined in each matching step. The top node matching step was performed with parameter w set to 50 mm, and subsequently refined with parameter w reduced to 20 mm. All the lower tree levels were matched with parameter w set to 20 mm, and all optimization steps were performed with the angle parameter j in Equation 5.5 set to 60 degrees. The minimization was performed with the standard Levenberg-Marquardt non-linear minimization technique, where the parameter gradients were evaluated numerically with finite differences. In Figure 5 .6, examples are given of matching results for a thoracic scout view and a short-axis cardiac MR-volume.
Experimental results
The goal of the work described here is to coarsely, but fully automatically localize the boundaries of the heart and lungs in a thoracic MR image volume acquired under clinically realistic circumstances. Therefore, in this study the model matching procedure was validated in 20 thoracic volume scans routinely acquired from 17 patients with various cardiac pathologies (including cardiomyopathies, arrhythmias and ventricular aneurysms) and 3 normal subjects. To assess the accuracy of the method for both lungs and the heart, image volumes were acquired in which all these organs were contained. Because of their inherently large fields of view, the so-called localizers or scout views were used. These are routinely acquired prior to every cardiac MR-examination and are used to define the position and orientation of a cardiac MR-set. To demonstrate the method's independence on the MR imaging system, the studies were acquired at two centers using two different MR-scanners: a GE Signa-LX real-time MR scanner with cardiovascular option at the University of Iowa Hospitals and Clinics and a Philips Gyroscan NT 5 at the Leiden University Medical Center. Image sets were acquired using the whole body coil, and consisted of 27 images in three planar orientations, 9 sagittal, 9 coronal and 9 transverse images. In each image set, the model-image registration was performed fully automatically, following an identical hierarchical CSG-tree traversal for all sets.
To quantitatively assess the accuracy of the matching results, 9 frames were selected in each image set by one of the observers (3 transverse, 3 sagittal and 3 cornonal slices), in which at least two of the three organs left lung, right lung and/or heart were present. In all these images (180 images total), two independent observers (TDS, LB) manually traced the contours of the left lung surface, right lung surface and the epicardial surface. These contours were resampled to form equidistantly sampled contours, with an interpoint distance of 2 mm. The quality of the match was evaluated by calculating the three- dimensional distance of the contour points to the corresponding model surface, which was calculated from the fuzzy boundary membership value in a contour point. During the evaluation, parameter w was set to 20 mm, which is small compared to the smallest object in the model, the condition under which the distance measure in Equation (5.1) is Euclidean.
Three quantitative quality measures were calculated to express the accuracy of the model-predicted contours. First, since the model only coarsely describes thoracic anatomy, it is expected that local details possibly drawn by the observers (vessels, bronchi, small local shape variations) are missed by the model. Therefore, for each organ contour a quality measure was defined as the percentage of the contour length correctly predicted by the model within a 20 mm margin on each side of the organ surface. Second, for the correctly localized parts of the contours (20 mm maximum distance to the surface), the average distance of the contours to the corresponding model surface was calculated. Finally, to investigate the presence of systematic over-or underestimations, the average signed distance of the contour points to the model surface was calculated, where points evaluated inside the organ were denoted as a negative distance and points outside the organ surface as a positive distance. The results of these measurements are given in Table  5 .1 for each study and for each observer. Table 5 .2 summarizes the results for all 20 studies. On average, 90% (worst case 77%) of the contour length of the left lung, right lung and epicardial surfaces was localized within 20 mm of the independent standard with the average positioning error of 6 mm.
Discussion
Qualitative evaluation
After fully automatically matching the model to the image sets, the matching results were first qualitatively evaluated to assess whether obvious matching errors occurred. This was performed by projecting the model surface boundary strips (parameter w = 20 mm) on the image data and visually assessing whether the actual boundaries were contained within the model boundary strips in all 27 slices of each image set. This qualitative evaluation showed that in all 20 cases the automated matching resulted in a semantically correct solution, i.e. that the left lung was mapped on the left lung in the image volume, the right lung was mapped on the right lung, etc. This indicated that the matching was robust with respect to initial position under clinically realistic circumstances and that the choice of a fixed initial model position in the central part of the scanner bore sufficed to initialize the matching. In the low-level thresholding and boundary detection step, considerable amounts of spurious feature points were generated. Intentionally no effort was made to remove such points prior to the matching, since it was expected that by integrating directional image information in the matching procedure, only those feature patterns that were approximately congruent to the model shapes would influence the matching. This proved to be the case and the matching procedure was shown to be insensitive with respect to spurious feature points. Though some noise feature points may incorrectly be included in the energy criterion during the minimization, the majority of feature points was consistent with the model shapes, and therefore the effect of a small amount of spurious points was minimal.
The influence of the MR-scanning protocol and scanner on the matching method is an important factor. However, when image sets were acquired with the whole body coil of the scanner, the matching was found to be scanner-independent. A factor potentially influencing the matching would be the presence of local surface coils, which can cause a considerable intensity decay over the image volume. This would mainly complicate the automatic low-level feature detection step with limited effect on the model matching procedure itself. Furthermore, though beyond the scope of this work, it would be interesting to investigate the influence of the presence of an MR tagging grid on the matching.
The computation time required to match the model to an image set linearly depends on the number of feature points, and therefore increases approximately linearly with the number of images. For a thoracic scout view consisting of 27 images, the matching procedure takes 4-6 minutes on a Sun Ultrasparc 2 workstation. However, by matching the model to a subset of the image volume, for instance by selecting every other image or every third image, the matching speed increases considerably (approximately tenfold). Initial experiments were performed where the model was matched to just three images (one sagittal, one coronal and one transverse), and qualitatively only minor differences in the matching results were visible. In these cases the full matching procedure took less than 30 seconds.
Quantitative evaluation
The results of the quantitative evaluation showed a high degree of correspondence between the model and the manually drawn contours for both observers. Of the contour length of the left lung, on average 89% was estimated correctly within the 20 mm boundary strips (worst case 80%). For the right lung, on average 91% was correctly determined (worst case 85%), and for the epicardial surface on average 91% was resolved correctly (worst case 77%). As expected, in cases where the observers had drawn a structure not present in the model, these contour parts were not contained in the model boundary strips. This was mainly the case for the cardiac in-and outflow tract consisting of the major thoracic vessels, which were not included in the model. A large part of the failure rate for a contour (0-23%) could be attributed to such vessel structures and to manually drawn local details in the organ shapes.
The average distance of the contour parts contained within 20 mm of the automatically identified surfaces ranged from 4-8 mm for the left lung (study average 5 mm) and from 5-8 mm for the right lung (study average 6 mm). In the epicardial surface, a slight systematic error was present. In particular, the apical region of the manually drawn epicardial contour was not localized within 20 mm in some cases. This can mainly be attrib-uted to the fact that the model matching mechanism is based on the high contrast tissueair transitions, which are not present in that part of the cardiac surface adjacent to the diaphragm. Therefore the shape estimate for this part of the epicardial surface is merely a model interpolation, which in this particular surface part is not based on image evidence. The parts of the epicardial surface which were adjacent to the lungs were localized correctly in all 20 cases.
Though in some cases there was a discrepancy between the two observers, in general the results from both observers for the entire study corresponded well. Visual comparison of the contours drawn by both observers revealed that major differences between both observers were mainly due to different choices made by both observers during the manual tracing whether or not to include a particular structure or vessel in a contour.
Summary and conclusions
We developed a hybrid anatomical knowledge representation methodology suitable to automatically localize the heart and lungs in thoracic MR-images. The resulting method combines the compactness of surface-based model with the context preserving properties of volume-based methods by modeling multiple organs in their spatial context as a set of 3D fuzzy implicit surface templates. Our template-based approach provides a number of key benefits, which can be summarized as follows:
• though limited in flexibility, it is intrinsically three-dimensional without requiring point-correspondence, • it simultaneously captures the three-dimensional shapes and spatial context of multiple (in this application 6) organs in a single, closed-form energy function, • it enables a fast, fully automatic image registration by integrating prior knowledge about local image gradient direction and polarity in the matching energy function. Based on the performed quantitative validation that was presented above, we conclude that our fully automated method offers a robust and sufficiently accurate estimate of the location of the heart and lung surfaces in thoracic MR image sets. Although the modeling method lacks local detail, 90% (worst case 77%) of the contour length of the left lung, right lung and epicardial surfaces is localized within 20 mm of the independent standard with the average positioning error of 6 mm. In general, this accuracy is sufficient to automatically provide the initial conditions for a subsequently applied locally accurate segmentation method.
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